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Abstract
The directionality of the response of gross primary productivity (GPP) to climate has been shown to
vary across the globe. This effect has been hypothesized to be the result of the interaction between
multiple bioclimatic factors, including environmental energy (i.e. temperature and radiation) and
water availability. This is due to the tight coupling betweenwater and carbon cycling in plants and the
fact that temperature often drives plant water demand.UsingGPP data extracted from188 sites of
FLUXNET2015 and observation-driven terrestrial biospheremodels (TBMs), we disentangled the
confounding effects of temperature, precipitation and carbon dioxide onGPP, and examined their
long-term effects on productivity across the globe. Based on the FLUXNET2015 data, we observed a
decline in the positive effect of temperature onGPP, while the positive effects of precipitation andCO2
were becoming stronger during 2000–2014. Using data derived fromTBMs between 1980 and 2010
we found similar effects globally. Themodeled data allowed us to investigate these effectsmore
thoroughly over space and time. In arid regions, themodeled response to precipitation increased since
1950, approximately 30 years earlier than in humid regions.We further observed the negative effects
of summer temperature onGPP in arid regions, suggesting greater aridity stress on productivity under
global warming. Our results imply that aridity stress, triggered by rising temperatures, has reduced the
positive inﬂuence of temperature onGPP, while increased precipitation and elevated CO2may
alleviate negative aridity impacts.
Introduction
Terrestrial gross primary productivity (GPP), the total
carbon uptake by photosynthesis of plants per ground
area at the ecosystem scale, is the largest component of
the global carbon cycle (Beer et al 2010) and helps to
offset anthropogenic emissions of CO2 (Battin et al
2009). GPP provides the energy that drives other
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biological activities, and its changes, in either magni-
tude or direction, could profoundly affect regional and
global hydrological and biogeochemical cycles (Poul-
ter et al 2014, Ma et al 2015). In recent decades, global
climate change has greatly altered GPP across different
geographic regions (Zhang et al 2009, Garbulsky et al
2010, Anav et al 2015, Burley et al 2016, Hao et al
2018). Therefore, understanding spatiotemporal
changes in the responses of GPP to climatic forcing is
important for making reliable projections of future
biosphere-atmosphere feedbacks.
To date, many studies have shown that year-to-
year variability of GPP is largely driven by the varia-
tions of energy- and water-related climate variables,
including temperature, solar radiation, precipitation
as well as CO2 (Nemani et al 2003). The directionality
of the changes in GPP in response to these climate
variables can be both positive and negative across dif-
ferent regions and periods. For example, increasing
temperatures under global warming have been shown
to increase GPP worldwide (Luo 2007, Anav et al
2015). However, due to rising temperatures, water
stress could occur by increasing evaporative demand
that cannot be met by soil water supply (Sperry 2000).
Correspondingly, declining trends in GPP with
increasing temperature have been widely reported,
including in both temperate and tropical forests (Ciais
et al 2005, Saleska et al 2007). Contrasting responses of
primary productivity to changes in precipitation are
also observed in grasslands (Heisler-White et al 2008,
Wu et al 2018) and tropical forests (Taylor et al 2017).
The interactive effects of water and energy further
complicate the predictions of the spatio-temporal
changes in their effects on the GPP under global
warming (Zhao and Running 2010). A global analysis
is therefore imperative to clarify the responses of the
GPP to climate drivers in order to reconcile observed
contradictory relationships, and to more accurately
predict the impacts of global climate change on carbon
cycling.
Eddy covariance (EC) ﬂux towers provide an accu-
rate way to measure and calculate the carbon ﬂux and
GPP (Baldocchi et al 2001). However, ﬂux measure-
ments are usually constrained by relatively small spa-
tial and temporal scales (Baldocchi et al 2001, Falge
et al 2002). In contrast, observation-driven terrestrial
biosphere models (TBMs) can simulate long-term
temporal changes in GPP over large spatial scales,
which have been used in the Multi-scale synthesis and
Terrestrial Model Intercomparison Project (MsTMIP)
(Huntzinger et al 2013, Zscheischler et al 2014, Mao
et al 2015, Schwalm et al 2017). However, the accuracy
of themodeled GPP cannot be guaranteed because it is
difﬁcult for terrestrial ecosystem models to simulate
the complicated effects of a series of climatic factors
(e.g. water and energy) on GPP in natural ecosystems
(Smith et al 2016). Previous studies have demonstrated
a discrepancy between the GPPmodeled by TBMs and
measured by ﬁeld experiments (Smith et al 2016,
Kolus et al 2019, Winkler et al 2019). EC-derived GPP
can be used to validate the accuracy of the TBMs
regardless of the constrained scales over time and
space. It is therefore important to combine the GPP
data based on ﬂux towers and TBMs to study the com-
plicated effects of climatic drivers onGPPunder global
warming.
Combining the GPP data from ﬂux network
(FLUXNET2015) and TBM models, herein we aimed
to examine (1)whether the effects of temperature, pre-
cipitation and CO2 on GPP vary over time, especially
in recent decades under the global warming, and (2)
whether the long-term responses of GPP to water and
energy in arid and humid regions are consistent or not.
Unlike existing studies, we disentangled the con-
founding effects of water, energy, andCO2 and investi-
gated their long-term effects on GPP at the global scale
between 1901 and 2010. To this end, we ﬁrst quanti-
ﬁed the year-to-year effects of temperature, precipita-
tion, and CO2 on GPP for arid regions, semi-arid
regions, and the entire globe over the past century.
Subsequently, we attempted to detect the changing
point of the climate-GPP relationship at the regional
and global scale by combing nonlinear and linear
models. We hypothesized that the relative inﬂuence of
water has increased in recent decades due to potential
aridity stress triggered by climate warming.
Materials andmethods
GPP and climate data
The modeled GPP data are obtained from MsTMIP
Global Simulation which is a formal synthesis activity
including a community of different land carbon
models (https://nacp.ornl.gov/mstmipdata/). This
project is a formalmodel intercomparison and evalua-
tion effort aimed at improving the diagnosis and
attribution of carbon exchange at local and global
scales (Huntzinger et al 2013). The MsTMIP simula-
tions were performed using a standardized simulation
protocol and were all forced using the same climate
drivers, including standard weather drivers, remotely
sensed phenology, biome classiﬁcation, land-use his-
tory, and disturbance. The variations in model struc-
ture include varying processes types (e.g. nutrient
cycling, disturbance, lateral transport of carbon), and
how these processes are represented (e.g. photosyn-
thetic formulation, temperature sensitivity, respira-
tion) in the models. More detailed information about
the MsTMIP was described in some existing studies
(Huntzinger et al 2013, Wei et al 2014). The MsTMIP
provides monthly simulation results across the globe
(spatial resolution: 0.5°×0.5°) from 1901 to 2010. By
following Schwalm et al (2017), an ensemble GPP
mean are derived from theMsTMIP Version 1models
(CLM, CLM4VIC, DLEM, ISAM and TEM6) includ-
ing all time-varying factors (BG1). These simulations
used include the identical time-varying climate and
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atmospheric CO2 concentrations, land use and land
cover change, and nitrogen deposition. The MsTMIP
simulations has been widely used in many existing
studies (Zscheischler et al 2014, Mao et al 2015,
Schwalm et al 2017).
Also, we used the observed GPP data and asso-
ciated climate data from the FLUXNET gauge obser-
vations (https://ﬂuxnet.ﬂuxdata.org/data/). The
FLUXNET is a uniform and high-quality dataset based
on regional ﬂux networks worldwide. The latest
release of the FLUXNET data (FLUXNET2015) was
used in this study, which includes over 1500 site-years
of data from 212 sites (http://ﬂuxnet.ﬂuxdata.org/
data/ﬂuxnet2015-dataset/). Since very limited data
are available before 2000 regarding the FLUX-
NET2015 dataset, we constrained our observation-
based analysis to the period 2000–2014 using sites with
available GPP and climate data, including temper-
ature, precipitation, radiation and CO2 (188 sites in
total, 159 sites in Northern Hemisphere and 29 sites in
SouthernHemisphere) (seeﬁgure 1).
Gridded monthly mean temperature and pre-
cipitation were obtained from the Climate Research
Unit (CRU)TS3.25 climate dataset (http://cru.uea.ac.
uk/cru/data/hrg/). The gridded monthly mean
radiation data were generated by simple process-led
algorithms for simulating habitats (SPLASH version
1.0) based on CRU cloud cover data (Davis et al 2017).
The climate gridded data span the period 1901–2010
with a spatial resolution of 0.5°.
To investigate and compare the effects of climate
variables on GPP in arid and humid regions during
1901–2010, we also classiﬁed the global surface into
arid, semi-arid and humid regions (see ﬁgure 1) based
on the global-aridity index calculated by a ratio of
mean annual precipitation and potential
evapotranspiration (UNEP 1997). The global aridity
index was downloaded from the CGIAR-CSI database
(Zomer et al 2008) (https://cgiarcsi.community/
data/global-aridity-and-pet-database/).
Climate-GPP relationship
Partial least square regression (PLSR) was used to
quantify the effect of monthly temperature, precipita-
tion, radiation and CO2 on modeled and measured
GPP across the globe by taking into account the
potential multicollinearity between factors (Hoerl and
Kennard 1970, Graham 2003). Using the FLUXNET
data, we analyzed the effects of temperature, precipita-
tion, CO2 on measured GPP between 2000 and 2014.
In the PLSRmodel, the response variable was GPP and
the predictors were CO2, temperature, precipitation
and short-wave radiation in each year of 2000–2014.
All the sites were combined for each year when
analyzing the effects of climatic drivers on GPP. Note
that radiation was incorporated into each model as a
covariate to exclude its effect on GPP. Both the
response variables and predictors were standardized in
the model. The standardized regression coefﬁcients
(Schielzeth 2010) were calculated using the PLSR
models to compare the extent of inﬂuence of climatic
variables on GPP. Linear regression models were used
to quantify the temporal trends in standardized
regression coefﬁcients of CO2, temperature, precipita-
tion onGPPbetween 2000 and 2014.
Unlike gridded temperature and precipitation
data, similar CO2 data between 1901 and 2010 were
not available. Therefore, we only examined the effects
of monthly mean temperature and precipitation on
GPP between 1901 and 2010 simulated by the
MsTMIP. To compare the responses of GPP to cli-
matic drivers, we conducted separate analyses for arid
Figure 1. Locations of 188 FLUXNET sites in the arid, semi-arid and humid regions. The classiﬁcationwas based on the global aridity
index calculated by a ratio ofmean annual precipitation and potential evapotranspiration (UNEP 1997), downloaded from the
CGIAR-CSI database (https://cgiarcsi.community/). Aridity index values were used to deﬁne the aird (0–0.2), semi-arid (0.2–0.65)
and humid (greater than 0.65) regions.
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regions, semi-arid regions, and the entire globe. The
response variable wasmonthly GPP and the predictors
were monthly temperature, precipitation, and radia-
tion for each year. For each year of 1901–2010, all the
pixels in arid, semi-arid, and humid regions were
combined to calculate the standardized regression
coefﬁcients. To test the consistency between FLUX-
NET and theMsTMIP, we also examined the effects of
temperature and precipitation alone on FLUX-
NET2015 GPP between 2000 and 2014. We standar-
dized the response and predictor variables to calculate
the standardized coefﬁcients of PLSR models. The
monthly calculated standardized coefﬁcients in each
year were averaged to represent the annual effect of cli-
matic variables on GPP to compare with the results of
FLUXNET. Local polynomial regressions were used to
smooth and identify the changing points of the time
series of standardized coefﬁcients in arid, semi-arid
regions and across the globe. Linear regression models
were subsequently used to test the statistical sig-
niﬁcance of the temporal trends in standardized coef-
ﬁcients. Local polynomial regressions and linear
regression models were also used to analyze the trends
of the annual mean temperature, precipitation in arid
regions, semi-arid regions, and the entire globe
between 1901 and 2010. All of the data analyses were
conducted using R version 3.5.1 (RCore Team2018).
Results
On the basis of FLUXNET2015 data, when not
considering CO2, we found that the positive effect of
temperature on GPP showed a signiﬁcant decrease
between 2000 and 2014 across the globe (ﬁgure 2).
However, we observed a signiﬁcant increase in the
positive inﬂuence of precipitation over that time
period at the global scale (ﬁgure 2). When incorporat-
ing CO2 into the PLSR models, the positive effect of
temperature and precipitation also showed declining
and increasing trends, respectively (ﬁgure 2). As with
precipitation, the effect of CO2 on GPP also showed a
signiﬁcant increase during 2000–2014 across the globe
(ﬁgure 2). On the basis of MsTMIP simulations,
between 1901 and 1980, the overall positive effect of
temperature on GPP showed an increasing trend
(ﬁgure 3). In contrast, a decreasing trend in the
positive effect of precipitation on GPP was observed
before 1980 (ﬁgure 3). At the global scale, between
1980 and 2010, the positive effect of temperature on
GPP showed a signiﬁcant decrease at the global scale,
whereas a signiﬁcant increase in the positive effect of
precipitationwas observed since 1980 (ﬁgure 3).
The temporal changes in the effect of annual
temperature and precipitation on GPP in arid, semi-
arid, and humid regions between 1901 and 2010 is
shown in ﬁgure 4. In arid and semi-arid regions, the
positive effect of annual precipitation on GPP
increased over time since 1950. In humid regions, we
also observed a signiﬁcant increase in the positive
effect of annual precipitation, but this did not begin
until 1980, later than that in arid and semi-arid
regions. In arid regions, the negative effect of annual
temperature on GPP was reduced during the entire
period 1901–2010. In semi-arid regions, the positive
effect of annual temperature on GPP increased during
1901–1950. The positive effect of annual temperature
on GPP in humid regions also increased before it star-
ted to decline. However, the increasing trend lasted
until 1980 in humid regions, approximately 30 years
later than semi-arid regions. Between 1950 and 2010,
the positive effect of annual temperature remained
stable in semi-arid regions. However, a decreasing
trend in the positive effect of temperature on GPP
since 1980 in the humid region was observed
(ﬁgure 4).
Between 1980 and 2010, the positive effect of
monthly precipitation was stronger than that of temp-
erature onGPP across the globe (ﬁgure 5). In addition,
the magnitude in the positive effect of monthly temp-
erature on GPP was signiﬁcantly lower in warm
Figure 2. Standardized coefﬁcients of temperature (a), precipitation (b) andCO2 (c) for theGPP extracted fromFLUXNETbetween
2000 and 2014. Data of all the 188 FLUXNET siteswere combined to calculate the standardized coefﬁcients of climatic variables in
each year of 2000–2014. Two partial least square regressionmodels (M1andM2)were used to calculate the standardized coefﬁcients.
For bothM1 andM2, the response variable was theGPP. For theM1, the predictors were the temperature, precipitation and radiation.
For theM2, the predictors were the temperature, precipitation, carbon dioxide and radiation.
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months compared with cold months across the globe,
becoming negative in summer months in arid and
semi-arid regions (ﬁgure 5). In contrast, the extent of
the positive inﬂuences of monthly temperature and
precipitation in warm months was similar in humid
regions (ﬁgure 5).
Between 1980 and 2010, annual mean tempera-
tures showed signiﬁcant increases in all regions
(ﬁgure 6). Except for semi-arid regions, signiﬁcant
increasing trends in monthly total precipitation were
also observed since 1980 (ﬁgure 6). It is noteworthy
that the increasing rate of temperature was sig-
niﬁcantly faster than that of precipitation as indicated
by the steeper slopes (ﬁgure 6).
Discussion
Using comprehensive statistical analysis, we disen-
tangled the confounding effects of water and energy,
CO2 and quantiﬁed their long-term effects on GPP at
the global scale between 1901 and 2010. We found a
decreasing effect of temperature on GPP across the
globe since 1980 (ﬁgures 2 and 3). On the contrary, the
effect of precipitation on GPP showed a signiﬁcant
increase all over the globe (ﬁgures 2 and 3). These
results reveal that water availability is becoming an
increasingly limiting factor affecting global primary
productivity in recent decades under global warming.
Since 1980, temperatures have been increasing glob-
ally to a greater degree than precipitation (ﬁgure 6).
The extra heat may increase evaporative demand and
trigger drought events under global warming
(Dai 2013, Trenberth et al 2014).
Generally, GPP shows a positive trend with rising
surface temperature due to the enhanced photosynth-
esis (Luo 2007, Anav et al 2015). However, reduced
primary productivity caused by severe drought events
triggered by climate warming has also been widely
reported (Ciais et al 2005, Allen et al 2010, Trenberth
et al 2014, Chen et al 2017). For instance, in regional to
subcontinental scale, studies documented that exten-
sive droughts have dominantly contributed to the
reduction in productivity in the China’s terrestrial
ecosystems between 2000 and 2011 (Liu et al 2014).
The functional responses of production are quite sen-
sitive to annul precipitation in North American
Figure 3. Standardized coefﬁcients of temperature, precipitation for the simulatedGPP between 1901 and 2010. Partial least square
regression (PLSR)models were used to calculate the standardized coefﬁcients of climatic factors in each year of 1901–2010. In this
PLSRmodel, the response variable wasmonthlyGPP and the predictors were normalizedmonthly temperature, precipitation and
short-wave radiation. Themonthly standardized coefﬁcients in each year were averaged to represent the effect of climatic factors on
GPP in each year. Local regressionwas used to smooth the time series and the shaded area indicates the 95% conﬁdence interval.
Vertical dashed grey lines indicate the changing points of the trends in the time series.
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grassland ecosystems (Knapp and Smith 2001, Suttle
et al 2007). Moran et al (2014) reported that drought-
induced grass mortality has resulted in shifts in the
functional response to annual total precipitation in the
desert grasslands of southwestern United States. In
Western Atlantic regions and Eastern Europe, the pre-
cipitation deﬁcits are strongly related to the decreased
productivity (Ivits et al 2014). In addition, existing stu-
dies have documented that the terrestrial primary pro-
ductivity is largely driven by the droughts events in
Australia (Donohue et al 2009, Ma et al 2015). The
reduced primary productivity by drought events may
counteract and reduce the beneﬁcial effect of temper-
ature on primary productivity. Due to the drought
Figure 4. Standardized coefﬁcients of temperature, precipitation to the simulatedGPP in arid, semi-arid and humid regions between
1901 and 2010. Partial least square regression (PLSR)models were used to calculate the standardized coefﬁcients of climatic factors in
each year of 1901–2010. In this PLSRmodel, the response variable wasmonthlyGPP and the predictors were normalizedmonthly
temperature, precipitation and short-wave radiation. Themonthly standardized coefﬁcients in each year were averaged to represent
the effect of climatic factors onGPP in each year. Local regressionwas used to smooth the time series and the shaded area indicates the
95% conﬁdence interval. Vertical dashed grey lines indicate the changing points of the trends of the time series in arid and semi-arid
regions. Linear regressionwas used to test the signiﬁcance of the trends (p<0.05), and n.s. represent not signiﬁcant (p>0.05).
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stress, water availability would therefore become
increasingly important for global primary productiv-
ity. As such, the GPP showed declining and increasing
responses to temperature and precipitation since
1980, respectively.
Plants are more likely to suffer water stress in arid
regions than in humid regions due to the greater heat
and higher evaporative demand coupled with less soil
water availability, particularly in warm seasons (Zou
et al 2005, Liu et al 2013, Tomlinson et al 2013). Con-
sistently, we observed negative effects of summer
temperature on the GPP in arid regions, but it was
positive in humid regions (ﬁgure 5). These regional
differences of water and heat conditions presented
above well explain why the positive effect of precipita-
tion on the GPP increased earlier (approximately 20
years) in arid regions than in humid regions (ﬁgure 4).
In addition, we observed a reduced negative effect of
temperature in arid regions since 1950 (ﬁgure 4). Simi-
larly, the positive effect of annual precipitation also
showed a signiﬁcant increase in arid regions in the past
decades (ﬁgure 4). However, the positive effect of
temperature onGPP did not increase with the increas-
ing precipitations in semi-arid and humid regions
(ﬁgure 4). These ﬁndings suggest that the increased
water is able to mitigate the effect of water stress on
GPP in arid regions, but not in humid regions. This
could be contributed by the fact that plants hold more
plastic and rapid responsive strategies, such as smaller
leaf size, higher leaf phosphorous content (Tomlinson
et al 2013) and longer root systems (Orians and Sol-
brig 1977), to changing water availability in arid
regions compared with those in humid regions (Vice-
nte-Serrano et al 2013).
Using Free-Air Carbon dioxide Enrichment
experiments, many studies have shown that increasing
atmospheric CO2 can effectively increase productivity
by increasing photosynthetic rates (Nowak et al 2004).
Furthermore, the response of plant growth to increas-
ing CO2 is often ampliﬁed under water-stress
Figure 5. Standardized coefﬁcients of temperature, precipitation to the simulatedGPP permonth in arid, semi-arid, humid regions
and across the globe between 1901 and 2010. Partial least square regression (PLSR)models were used to calculate the standardized
coefﬁcients of climatic factors in each year of 1901–2010. In this PLSRmodel, the response variable wasmonthlyGPP and the
predictors were normalizedmonthly temperature, precipitation and short-wave radiation. The horizontal blue dashed lines indicate
the boundary of positive and negative values.
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conditions (Field et al 1997, Morgan et al 2004).
Therefore, the observed increase in the positive inﬂu-
ence of CO2 on GPP across the globe since 2000
(ﬁgure 2) is possibly due to a CO2-induced alleviation
of water stress.
It is important to point out the shortcomings of
our study that future research should address. First,
whether the effects of water availability on ecosystem
respiration also increases in recent decades deserves
further examination. Second, productivity is also co-
Figure 6.Meanmonthly temperature (°C) and precipitation (mm) in arid, semi-arid and humid regions between 1901 and 2010.
Partial least square regression (PLSR)models were used to calculate the standardized coefﬁcients of climatic factors in each year of
1901–2010. In this PLSRmodel, the response variable wasmonthlyGPP and the predictors were normalizedmonthly temperature,
precipitation and short-wave radiation. Themonthly standardized coefﬁcients in each year were averaged to represent the effect of
climatic factors onGPP in each year. Local regressionwas used to smooth the time series and the shaded area indicates the 95%
conﬁdence interval. Vertical dashed grey lines indicate the changing points of the trends in the time series. Linear regressionwas used
to test the signiﬁcance of the trends (p<0.05), and n.s. represent not signiﬁcant (p>0.05).
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limited by other factors in addition to water, energy
and CO2, such as soil nutrient (e.g. nitrogen) (Reich
et al 2014, Terrer et al 2018) and leaf area index (Gitel-
son et al 2014, Croft et al 2015). The factors affecting
productivity have not yet been addressed fully.
Taken altogether, our study provides evidence that
since 1980 GPP is becoming more strongly regulated
by water availability at the global scale. On the con-
trary, the positive effect of increasing temperature on
GPP has started to decline since 1980. The contrasting
responses of GPP to water and energy may be due to
the negative impact of aridity stress triggered by the
increase of evaporative demand under global
warming.
Conclusions
Existing studies have widely shown that GPP is
inﬂuenced by environmental energy and water avail-
ability. However, the inﬂuences of energy and water
on productivity are not only mixed but also contrast-
ing across different regions. Using PLSR models, we
uncoupled their confounding effects and investigated
the spatiotemporal changes in the climate-productiv-
ity relationship over the past century. By combining
the GPP extracted from the FLUXNET and simulated
by theMsTMIP, we observed a decreasing trend in the
effect of temperature onGPP since 1980.However, the
effect of precipitation and CO2 on the GPP showed
signiﬁcant increases. Our results imply that water
availability is becoming increasingly important to the
global GPP due to the rise in the evaporative demand
as global warming continues. The negative impact of
water stress fractionally offset the warming-induced
increase in GPP. This contributed to a decline in the
positive effect of temperature on GPP in recent
decades. Currently, the GPP still generally increases
with temperature at the global scale. However, aridity
is projected to become more frequent and widespread
at the global scale under future climate scenarios
(Shefﬁeld and Wood 2008, Dai 2013). Therefore, the
observed decreasing trends in the positive effect of
temperature on GPP might continue in the coming
decades.
Acknowledgments
This study was supported by Natural Science Founda-
tion of China (No. 51809294, 91547202, 51210013,
31770493, 41430529, 51822908) and National Key
R&D Program of China (2017YFC0405900), as well as
partial supports from GDAS’s Projects of Science and
Technology Development (2017GDASCX-0701,
2019GDASYL-0104001, 2019GDASYL-0401001) and
Guangdong Provincial Science and Technology Plan-
ning Projects (2018B030324001). We appreciate the
constructive comments and suggestions from the
editor and the anonymous reviewers.
Data availability
The data that support the ﬁndings of this study are
openly available: MsTMIP (https://nacp.ornl.gov/
mstmipdata/; https://doi.org/10.3334/
ORNLDAAC/1225), FLUXNET (https://ﬂuxnet.
ﬂuxdata.org/data/; data DOI is in preparation as
stated by the data provider), CRU (https://
crudata.uea.ac.uk/cru/data/hrg/; http://doi.org/10.
1002/joc.3711), and Global aridity index (https://
cgiarcsi.community/data/global-aridity-and-pet-
database/; https://doi.org/10.6084 /m9.ﬁgshare.
7504448.v3).
ORCID iDs
Zhiyong Liu https://orcid.org/0000-0002-
6930-5879
SyedAshraful Alam https://orcid.org/0000-0001-
9870-1494
Tongtiegang Zhao https://orcid.org/0000-0001-
6943-258X
References
AllenCD,MacaladyAK,ChenchouniH, Bachelet D,McDowell N,
VennetierM, Kitzberger T, Rigling A, Breshears DD and
Hogg ET 2010A global overview of drought and heat-
induced treemortality reveals emerging climate change risks
for forests Forest Ecol.Manage. 259 660–84
AnavA, Friedlingstein P, Beer C, Ciais P,Harper A, Jones C,
Murray-TortaroloG, PapaleD, ParazooNC and Peylin P
2015 Spatiotemporal patterns of terrestrial gross primary
production: a reviewRev. Geophys. 53 785–818
BaldocchiD, Falge E, Gu L,Olson R,HollingerD, Running S,
Anthoni P, Bernhofer C,Davis K and Evans R 2001
FLUXNET: a new tool to study the temporal and spatial
variability of ecosystem-scale carbon dioxide, water vapor,
and energyﬂux densitiesBull. Am.Meteorol. Soc. 82 2415–34
Battin T J, Luyssaert S, Kaplan LA, AufdenkampeAK, Richter A and
Tranvik L J 2009The boundless carbon cycleNat. Geosci. 2
598–600
Beer C, ReichsteinM, Tomelleri E, Ciais P, JungM,CarvalhaisN,
RödenbeckC, ArainMA, BaldocchiD andBonanGB2010
Terrestrial gross carbon dioxide uptake: global distribution
and covariationwith climate Science 329 834–8
BurleyHM,MokanyK, Ferrier S, Laffan SW,WilliamsK J and
HarwoodTD2016 Primary productivity is weakly related to
ﬂoristic alpha and beta diversity across AustraliaGlob. Ecol.
Biogeogr. 25 1294–307
Chen L,Huang JG, AlamSA, Zhai L,DawsonA, Stadt K J and
ComeauPG2017Drought causes reduced growth of
trembling aspen inwesternCanadaGlob. Change Biol. 23
2887–902
Ciais P, ReichsteinM,ViovyN,Granier A,Ogée J, AllardV,
AubinetM, BuchmannN, Bernhofer C andCarrara A 2005
Europe-wide reduction in primary productivity caused by the
heat and drought in 2003Nature 437 529
CroftH, Chen J, FroelichN,ChenB and Staebler R 2015 Seasonal
controls of canopy chlorophyll content on forest carbon
uptake: implications forGPPmodeling J. Geophys. Res.:
Biogeosci. 120 1576–86
Dai A 2013 Increasing drought under global warming in
observations andmodelsNat. Clim. Change 3 52
Davis T, Prentice I C, Stocker B, ThomasR,Whitley R,WangH,
Evans B,Gallego-Sala A, SykesM andCramerW2017 Simple
9
Environ. Res. Lett. 14 (2019) 124044
process-led algorithms for simulating habitats (SPLASH v.
1.0): robust indices of radiation, evapotranspiration and
plant-availablemoistureGeosci.Model Dev. Discuss. 10
689–708
DonohueR J,McVicar TR andRoderickML 2009Climate-related
trends inAustralian vegetation cover as inferred from satellite
observations, 1981–2006Glob. Change Biol. 15 1025–39
Falge E, Baldocchi D, Tenhunen J, AubinetM, Bakwin P,
Berbigier P, Bernhofer C, BurbaG, Clement R andDavis K J
2002 Seasonality of ecosystem respiration and gross primary
production as derived fromFLUXNETmeasurementsAgric.
For.Meteorol. 113 53–74
Field C, LundC,ChiarielloN andMortimer B 1997CO2 effects on
thewater budget of grasslandmicrocosm communitiesGlob.
Change Biol. 3 197–206
GarbulskyMF, Penuelas J, PapaleD, Ardo J, GouldenML,Kiely G,
RichardsonAD, Rotenberg E, Veenendaal EMand Filella I
2010 Patterns and controls of the variability of radiation use
efﬁciency and primary productivity across terrestrial
ecosystemsGlob. Ecol. Biogeogr. 19 253–67
GitelsonAA, Peng Y, Arkebauer T J and Schepers J 2014
Relationships between gross primary production, green LAI,
and canopy chlorophyll content inmaize: implications for
remote sensing of primary productionRemote Sens. Environ.
144 65–72
GrahamMH2003Confrontingmulticollinearity in ecological
multiple regression Ecology 84 2809–15
HaoZ,Hao F, SinghVP andZhangX 2018Changes in the severity
of compound drought and hot extremes over global land
areasEnviron. Res. Lett. 13 124022
Heisler-White J L, KnappAK andKelly E F 2008 Increasing
precipitation event size increases aboveground net primary
productivity in a semi-arid grasslandOecologia 158 129–40
Hoerl A E andKennardRW1970Ridge regression: biased
estimation for nonorthogonal problemsTechnometrics 12
55–67
HuntzingerD, SchwalmC,Michalak A, Schaefer K, King A,Wei Y,
JacobsonA, Liu S, CookR and PostW2013The north
american carbon programmulti-scale synthesis and
terrestrialmodel intercomparison project: I. Overview and
experimental designGeosci.Model Dev. 6 2121–33
Ivits E,Horion S, Fensholt R andCherletM2014Drought footprint
on European ecosystems between 1999 and 2010 assessed by
remotely sensed vegetation phenology and productivityGlob.
Change Biol. 20 581–93
KnappAK and SmithMD2001Variation among biomes in
temporal dynamics of aboveground primary production
Science 291 481–4
KolusHR,HuntzingerDN, SchwalmCR, Fisher J B,McKayN,
FangY,Michalak AM, Schaefer K,Wei Y and Poulter B 2019
Land carbonmodels underestimate the severity and duration
of drought’s impact on plant productivity Sci. Rep. 9 2758
LiuH, ParkWilliamsA, AllenCD,GuoD,WuX, AnenkhonovOA,
Liang E, SandanovDV, Yin Y andQi Z 2013Rapidwarming
accelerates tree growth decline in semi-arid forests of Inner
AsiaGlob. Change Biol. 19 2500–10
Liu Y, ZhouY, JuW,Wang S,WuX,HeMandZhuG2014 Impacts
of droughts on carbon sequestration byChina’s terrestrial
ecosystems from2000 to 2011Biogeosciences 11 2583–99
LuoY 2007Terrestrial carbon–cycle feedback to climatewarming
Annu. Rev. Ecol. Evol. Syst. 38 683–712
MaXL,Huete A,Moran S, Ponce-CamposG and EamusD2015
Abrupt shifts in phenology and vegetation productivity under
climate extremes J. Geophys. Res.—Biogeosci. 120 2036–52
Mao J, FuW, Shi X, RicciutoDM, Fisher J B,DickinsonRE,Wei Y,
ShemW, Piao S andWangK 2015Disentangling climatic and
anthropogenic controls on global terrestrial
evapotranspiration trends Environ. Res. Lett. 10 094008
MoranMS et al 2014 Functional response ofUS grasslands to the
early 21st-century droughtEcology 95 2121–33
Morgan J, Pataki D, KörnerC, ClarkH,DelGrosso S, Grünzweig J,
KnappA,Mosier A,Newton P andNiklaus PA 2004Water
relations in grassland and desert ecosystems exposed to
elevated atmospheric CO2Oecologia 140 11–25
Nemani RR, KeelingCD,HashimotoH, JollyWM, Piper SC,
Tucker C J,Myneni RB andRunning SW2003Climate-
driven increases in global terrestrial net primary production
from1982 to 1999 Science 300 1560–3
NowakR S, EllsworthDS and Smith SD2004 Functional responses
of plants to elevated atmospheric CO2–do photosynthetic
and productivity data fromFACE experiments support early
predictions?NewPhytol. 162 253–80
OriansGHand SolbrigOT 1977A cost-incomemodel of leaves and
roots with special reference to arid and semiarid areasAm.
Naturalist 111 677–90
Poulter B et al 2014Contribution of semi-arid ecosystems to
interannual variability of the global carbon cycleNature
509 600
RCore Team2018R: A Language and Environment for Statistical
Computing (Vienna: R Foundation for Statistical Computing)
Reich PB,Hobbie S E and LeeTD2014 Plant growth enhancement
by elevated CO2 eliminated by joint water and nitrogen
limitationNat. Geosci. 7 920
Saleska SR,DidanK,Huete AR andDaRochaHR2007Amazon
forests green-up during 2005 drought Science 318 612–612
SchielzethH2010 Simplemeans to improve the interpretability of
regression coefﬁcientsMethods Ecol. Evol. 1 103–13
SchwalmCR, AndereggWR,Michalak AM, Fisher J B, Biondi F,
KochG, LitvakM,Ogle K, Shaw JD andWolf A 2017Global
patterns of drought recoveryNature 548 202
Shefﬁeld J andWoodE F 2008 Projected changes in drought
occurrence under future global warming frommulti-model,
multi-scenario, IPCCAR4 simulationsClim.Dyn. 31 79–105
SmithWK,Reed SC,ClevelandCC, Ballantyne AP, AndereggWR,
WiederWR, Liu YY andRunning SW2016 Large divergence
of satellite and Earth systemmodel estimates of global
terrestrial CO2 fertilizationNat. Clim. Change 6 306
Sperry J S 2000Hydraulic constraints on plant gas exchangeAgric.
For.Meteorol. 104 13–23
Suttle KB, ThomsenMAandPowerME2007 Species interactions
reverse grassland responses to changing climate Science 315
640–2
Taylor PG,ClevelandCC,WiederWR, Sullivan BW,Doughty CE,
Dobrowski S Z andTownsendAR2017Temperature and
rainfall interact to control carbon cycling in tropical forests
Ecol. Lett. 20 779–88
Terrer C, Vicca S, Stocker BD,Hungate BA, Phillips R P, Reich PB,
Finzi AC and Prentice I C 2018 Ecosystem responses to
elevatedCO2 governed by plant–soil interactions and the cost
of nitrogen acquisitionNewPhytol. 217 507–22
TomlinsonKW, Poorter L, Sterck F J, Borghetti F,WardD,
de Bie S and van Langevelde F 2013 Leaf adaptations of
evergreen and deciduous trees of semi-arid and humid
savannas on three continents J. Ecol. 101 430–40
TrenberthKE,Dai A, VanDer Schrier G, Jones PD, Barichivich J,
Briffa KR and Shefﬁeld J 2014Global warming and changes
in droughtNat. Clim. Change 4 17
UNEP1997World Atlas of Desertiﬁcation (London:UNEP)
Vicente-Serrano SM,Gouveia C, Camarero J J, Beguería S, Trigo R,
López-Moreno J I, Azorín-Molina C, Pasho E,
Lorenzo-Lacruz J andRevuelto J 2013Response of vegetation
to drought time-scales across global land biomes Proc. Natl
Acad. Sci. 110 52–7
Wei Y et al 2014TheNorth American carbon programmulti-scale
synthesis and terrestrialmodel intercomparison project: II.
Environmental driver dataGeosci.Model Dev. 7 2875–93
Winkler A J,Myneni RB, AlexandrovGA andBrovkinV 2019 Earth
systemmodels underestimate carbon ﬁxation by plants in the
high latitudesNat. Commun. 10 885
WuD,Ciais P, ViovyN,KnappAK,Wilcox K, BahnM, SmithMD,
Vicca S, Fatichi S andZscheischler J 2018Asymmetric
responses of primary productivity to altered precipitation
simulated by ecosystemmodels across three long-term
grassland sitesBiogeosciences 15 3421–37
10
Environ. Res. Lett. 14 (2019) 124044
Zhang Y J, XuM,ChenHandAdams J 2009Global pattern ofNPP
toGPP ratio derived fromMODIS data: effects of ecosystem
type, geographical location and climateGlob. Ecol. Biogeogr.
18 280–90
ZhaoMS andRunning SW2010Drought-induced reduction in
global terrestrial net primary production from2000 through
2009 Science 329 940–3
Zomer R J, TrabuccoA, BossioDA andVerchot LV 2008Climate
changemitigation: a spatial analysis of global land suitability
for clean developmentmechanism afforestation and
reforestationAgric., Ecosyst. Environ. 126 67–80
ZouX, Zhai P andZhangQ 2005Variations in droughts over China:
1951–2003Geophys. Res. Lett. 32 L04707
Zscheischler J,MichalakAM, SchwalmC,MahechaMD,
HuntzingerDN, ReichsteinM, Berthier G, Ciais P,
CookRB and El-Masri B 2014 Impact of large-scale climate
extremes on biospheric carbon ﬂuxes: an intercomparison
based onMsTMIP dataGlob. Biogeochem. Cycles 28 585–600
11
Environ. Res. Lett. 14 (2019) 124044
